This paper studies hours worked volatility and the cyclicality of human capital investments by embedding a Ben-Porath life-cycle model of human capital accumulation into an RBC setting. Agents differ across two dimensions: age and productivity in learning. Our results show that individuals invest more in human capital during economic downturns. However, human capital accumulation is more counter-cyclical for young and low-productivity individuals because they face a lower opportunity cost of education and a higher marginal product of human capital. These results are confirmed empirically using US data from the Current Population Survey and the American Time Use Survey. In addition, the paper contributes to the RBC literature by showing that the model's business cycle properties, in particular hours worked volatility, are sensitive to assumptions of heterogeneity. Introducing heterogeneity in productivity increases the volatility of aggregate hours worked and changes the life-cycle profile for hours volatility to better match the data.
Introduction
Among US high-school students age 16 to 24 who graduated in 2009, 70.1% enrolled in college in October 2009. This is the historical high for college enrollment rate since 1959. At the same time, the unemployment rate reached a level of 10% in October 2009 which is also the maximum level for unemployment in the recent financial crisis 1 . This fact seems to be consistent with several studies in the literature regarding the cyclicality of post-secondary education (PSE). On one hand, during a recession high unemployment decreases the opportunity cost of education and people substitute work with schooling (Heylen and Pozzi, 2007) . On the other hand, family income is lower and students may not be able to afford the cost of education (Christian, 2007) . If liquidity constraints are not too tight, economic theory suggests that PSE enrollment should be countercyclical.
Canton (2002) confirmed that uncertainty leads agents to accumulate more human capital to compensate for future income losses. DeJong and Ingram (2001) showed that, in the presence of a positive TFP shock, human capital is more expensive than physical capital. Thus agents decrease study hours and accumulate less human capital. Empirically, the results are more controversial. Mattila (1982) , Polzin (1984) , Kane (1994) and Edwards (1976) found no impact of business cycles on college enrollment in US. Instead, more recent papers (Betts and McFarland, 1995; Dellas and Sakellaris, 2003; Dellas and Koubi, 2003; Méndez and Sepúlveda, 2012) found evidence in favor of counter-cyclicality.
The cyclicality of schooling decisions has received particular attention in the literature because of its interesting implications. Economic downturns are bad for the economy. However, if enrollment rates are counter-cyclical, then economic crises are also the most efficient time to accumulate human capital and produce more skilled workers. This paper further investigates the topic both theoretically and empirically by focusing on heterogeneity among agents. The main result is that business cycles impact different types of agents in different ways. Young and lowproductivity individuals are more likely to enroll in PSE during an economic downturn because 1 Source: US Bureau of Labor Statistics.
they face a lower opportunity cost of education. In contrast, high-productivity agents and older people with work experience earn higher wages and are less likely to leave the labor market. As a result, their labor supply is less volatile compared to the rest of the population. This fact is consistent with US data and our model is able to replicate this empirical regularity for the first time.
To the best of our knowledge, this is the first theoretical and empirical study that analyzes the heterogeneous impact of business cycles on schooling decisions. In the existing literature, the only paper that looked at heterogeneity among agents in this context is Christian (2007) , who distinguished between low and high income individuals. Using data from the October Supplement of the Current Population Survey (CPS), he found that enrollment decisions are more pro-cyclical for low income individuals compared to high income individuals.
The current paper also contributes to the RBC literature by studying the impact of heterogeneity and the cyclicality of education on the volatility puzzle. One of the main shortcomings of RBC models is their inability to correctly predict hours worked volatility. Specifically, these models predict a volatility that is lower compared to empirical estimates. Several solutions have been proposed in the literature, including the introduction of indivisible labor (Hansen 1985) or alternatives to market production (e.g. home production and education. See Benhabib et al., 1991; Perli, 1998; DeJong and Ingram, 2001; Einarsson and Marquis, 1998) . These solutions assume that the RBC model systematically underestimates the volatility by excluding important factors that influence labor supply. However, the model may underestimate the volatility only for certain groups of individuals. In the data, labor supply is more volatile for young compared to middle-age individuals. This fact cannot be captured within a representative-agent framework. Therefore, introducing heterogeneity in the model may help to explain the volatility puzzle. Recent papers (e.g. Hansen andİmrohoroglu, 2009; Gomme et al., 2005; Maliar and Maliar, 2001 ) have looked at the volatility puzzle from this perspective.
We further investigate the topic by looking at human capital accumulation and heterogeneity among agents. With respect to the existing literature we consider a new type of heterogeneity.
Specifically, we embed a Ben-Porath (1967) model of human capital accumulation into a lifecycle RBC setting. Our analysis most closely resembles the work of Hansen andİmrohoroglu (2009), but we build on their work by incorporating an additional type of heterogeneity. While they consider heterogeneity across ages only, we model heterogeneity in productivity both within and between ages. Moreover, in contrast to their paper, our focus is on formal education rather than learning-by-doing or on-the-job training. Our results show that introducing heterogeneity within ages increases the volatility of aggregate hours worked and changes the profile for hours volatility to better match the data. The presence of low-productivity agents is particularly important to improve the model's predictions with respect to hours worked volatility.
The rest of the paper is organized as follows. The model is presented in Section 2. The theoretical results and the implications about hours worked volatility are presented in Section 3. Section 4 discusses various sensitivity analyses. The model's predictions regarding the cyclicality of human capital investments are tested empirically using US data in Section 5. Finally, Section 6 concludes by summarizing the main results.
The Model
Every year a new generation of equal size is born. Agents face an uncertain life span and may live for a maximum of S max periods. In each period, they are endowed with one unit of time they can allocate among leisure, work and education. Individuals can work and study at the same time during their working life. Conditional on survival, they must retire at age S r . During retirement, labor supply and education are absent and the time endowment is completely allocated to leisure.
In any period, there are two types of capital: physical and human capital. Physical capital is accumulated during life through investment, while the human capital stock increases by allocating time to education. Agents start their life with no physical capital and leave no bequests at the end of their life. Instead, the initial human capital stock is positive. This is due to the fact that period 1 in the model represents the 18-year-old cohort in the data. Since our focus is on post-secondary education, a birth age of 18 seems the appropriate choice. Therefore, the positive initial human capital stock captures the amount of human capital accumulated during mandatory education.
At the beginning of their life, agents maximize their expected discounted lifetime utility:
., S max ) and
s=2 θ s , such that the sum of the shares is equal to one. During the working periods, the sources of income are labor and asset wealth accumulated from investment in physical capital. In turn, labor income depends on efficiency units of labor n t,s h t,s , where n is hours worked and h is human capital. During retirement, agents receive interests on physical capital investments. If an agent survives until age S max , she consumes her entire wealth during the last period. However, if the agent dies earlier, the government collects her assets and redistributes them equally among the surviving agents.
Within the same cohort, individuals are heterogeneous because of different levels of ability: high and low. The fractions of high and low types are denoted by ξ and 1 − ξ, respectively. On average, high types are more productive in learning compared to low types. Therefore, they can accumulate more human capital given the same amount of time spent in education, e. In particular, human capital accumulation follows:
where i = {high, low}. The parameter φ i determines how many units of time spent studying effectively contribute to human capital accumulation. This is to capture the quality of education (e.g.
number of books in the university library, the student/teacher ratio and the number of laboratories in the university). This parameter may depend on i, if high types are more able to take advantage (in terms of human capital accumulation) of the quality of education compared to low types. Later φ i will be calibrated so that the model is consistent with the empirical evidence on household time allocation. Further, δ h is the depreciation rate of human capital and Ω s,i refers to the productivity in learning, which depends on both age s and type i. Basically, Ω s,i determines how productive individuals are in accumulating human capital. Indirectly, Ω s,i also affects the productivity at work.
In fact, a higher productivity in learning implies that agents will acquire more human capital over their life cycle, which increases efficiency at work.
Since our focus is on post-secondary education, we abstract from learning-by-doing or on-the-job training. Individuals acquire human capital through education only. Refer to Hansen andİmro-horoglu (2009) for an analysis of learning-by-doing and on-the-job training in a life-cycle RBC framework. Moreover, we assume that education does not affect utility directly. Agents invest in education only to increase their human capital stock and earn a higher labor income. For this reason, in the retirement period there is no incentive to spend time in education and accumulate human capital, which progressively depreciates as the agent becomes older.
The constraints of the maximization problem are given by the following equations: 
where k is physical capital, r is the rental rate of physical capital, δ is the physical capital depreciation rate, w is the wage rate and tr is the government transfer of assets from deceased agents to surviving agents.
The production sector is given by competitive firms that produce output using efficiency units of labor L t and physical capital K t . The production function for the representative firm is CobbDouglas:
where α is the physical capital share of output and Z t is the aggregate technology level which follows an AR(1) process: ln(Z t ) = ρln(Z t−1 ) + ε t with ε t ∼ N(0, σ 2 ). In equilibrium, the prices of the production factors are equal to the marginal products:
The equilibrium
Given the initial physical and human capital stocks distributions, and the productivity sequence Ω s,i , the equilibrium is a collection of policy rules for each ability type i, c s,
and the prices of production factors {w t , r t } such that:
1. The individual policy rules solve the household's maximization problem.
2. Prices {w t , r t } solve the representative firm's maximization problem.
4. The market-clearing condition is satisfied:
5. Individual decisions are consistent with aggregate outcomes:
Calibration
The calibration is target to US data and it is consistent with the standard practice in the RBC literature. One model period corresponds to one year in reality 2 . The calibrated values are reported in Table 1 . In particular, survival probabilities are from Bell and Miller (2002) . S max is set to 60 years in order to match the life expectancy at age 18 of males born in 1960 estimated by Bell and Miller (2002) . S r is set to 47 to target the ratio of retired people to total active population estimated from 1990 Population Census. Section 4.2 extends the analysis to endogenous retirement decisions. The fraction of high types, ξ, is set to 0.58. This is the average fraction of high-school graduates enrolling in college during the period 1962-2012 (Bureau of Labor Statistics). We experimented with other values for ξ as well. However, the properties of the model are qualitatively the same as discussed in Section 4.3.
The discount factor and the depreciation rate of physical capital are set to 0.969 and 6%, respectively, so that in the model the average physical capital to output ratio is 3 and the average annual real interest rate is 6%. These values imply a capital share of output of 0.36. The disutility of nonleisure activities, γ, is chosen to target the average time spent working to 0.33. The parameters for the Solow residual are chosen to be ρ =0.814 and σ =0.0142. These parameters are equivalent to the values estimated by Prescott (1986) for quarterly frequencies 3 . Finally, the risk aversion parameter, η, is set to target US output volatility. The calibrated parameter is within the range of values commonly used in the literature, η ∈ (1, 3).
The productivity sequence is calibrated using the human capital accumulation function (eq. 2) evaluated at the steady state:
where e * s,i is the average time spent studying for each age s and ability type, and it is computed using annual data from the American Time Use Survey (ATUS 2003 (ATUS -2012 . Specifically, it refers to the time spent for taking classes and doing homework/research to obtain a degree, certification or license 4 . It is computed as a fraction of the total available time (i.e. 24 hours/day However, by setting δ h = 0.005 the model is more able to replicate the empirical profile for study hours (see Figure 1 ). For this reason, the results presented in the paper are based on δ h = 0.005.
The parameter φ i is calibrated to target the average time spent studying during the working life, e * , from ATUS. As confirmed in the data, e * depends on ability: e * high = 0.017 > e * low = 0.003. The parameters φ high and φ low are set to match these two statistics. In Section 4.1 we perform a sensitivity test to show how robust the results are to the adoption of a common φ value (φ = φ high = φ low ).
Once we know δ h , h * s,i and e * s,i , the calibration can be summarized as follows. We make an initial 4 Activity codes: 060101 and 060301. These include attending a seminar/class/practicum/internship/course, taking a field trip, writing exams, taking on-line courses, talking to classmates or teacher, attending a study group, organizing notes, reading, studying, writing a paper or essay. 5 Averages of e * s,i and h * s,i are first obtained for five age groups (20-24, 25-34, 35-44, 45-54, 55-62) and the two productivity types. These values are then interpolated to obtain one value for each single age and type.
6 Data for hourly earnings are missing for the following years : 1992, 2003, 2005 and 2007 . Hourly earnings are converted in 1967 constant dollars.
7 Therefore, high types include college students and individuals with a college degree, Bachelor's degree, Master's degree, professional school degree or Doctoral degree. Low types include individuals without a high-school diploma, with a high-school diploma, with an associate degree from a non-academic program, and individuals who attended college in the past but did not graduate. 8 Estimates of the human capital depreciation rate vary within 1%-3.4% in Johnson and Hebein (1974) , 0.5%-4.3% in Haley (1976) , 0.7%-4.7% in Heckman (1976). guess of φ i to generate a series for Ω s,i and then run a simulation to obtain a profile for e s,i . If the average time devoted to education does not match the data (i.e. 0.017 for high types and 0.003 for low types), we update our guess for φ i and continue until convergence.
This calibration of Ω allows the model to generate a life-cycle profile for h that closely follows its empirical counterpart, as measured in Hansen (1993) . Given δ h , φ and e * s,i , the productivity in learning is set to match the life-cycle profile for efficiency weights (i.e. h * s,i ) for the two ability types. In turn, this affects the wage profile. Therefore, the model is also able to match the lifecycle profile of wages quite well. Figure 4 shows the model's performance in matching the data.
The estimated efficiency weights, h * s,i , are plotted in the left panel of Figure 2 . The efficiency at work increases when agents are young, has a peak around the middle age and then it starts to decline. Further, high types are more efficient at work than low types of the same age. The right panel shows the calibrated productivity sequence, Ω s,i , obtained from equation 14. Clearly, the productivity in learning depends on age: it decreases as the agent becomes older because of the negative impact of aging on learning abilities. Further, the productivity is higher for high types until age 40. In fact, the difference in productivity between the two types decreases as individuals age. After age 40, there is no significant difference between the two types.
Solution method
The non-stochastic steady state (i.e. Z = 1) in the 60-period Overlapping Generations model has been computed using a guess and verify method. The algorithm can be summarized as follows. Firstly, given a set of parameter values, we guess the steady-state aggregate levels of labor in efficiency units L * and physical capital K * . Secondly, we compute the factor prices and solve the household maximization problem for the two types separately by using backward induction.
Thirdly, we compute the aggregate values for labor in efficiency units and physical capital. Finally, the initial guesses are updated using the computed aggregate values and the procedure is repeated until convergence.
In order to analyze the effect of business cycles on human capital accumulation, a negative technology shock has been introduced in the model. The transitional dynamics are computed by log-linearizing the first order conditions around the non-stochastic steady state. The impulse response functions are then obtained to describe the dynamics that lead the economy to the steady state after the shock. The results are discussed in the next section.
Results
The non-stochastic steady state is described in Table 2 . Figure 3 shows the steady-state levels for the main variables by age and productivity type. Since high types are very productive in learning compared to low types, they spend more time in education and accumulate more human capital in the steady state. Further, at the beginning of their life, they work less and borrow more physical capital to "finance" education. Although there are no direct monetary costs for education, an agent must spend less time working and forgo part of her labor income in order to study. Therefore, high types borrow physical capital to smooth consumption over time. Around age 25, the time spent studying is significantly reduced and the agent starts to invest in physical capital. The overall performance of the model is good. Due to the calibration of Ω, the model is able to closely replicate the human capital series. The model is also able to closely match the lifecycle profile of education. However, there are some discrepancies in wages and hours worked, especially later in the life cycle. Since the productivity in learning is low after age 30, the incentive to study is reduced. Eventually agents stop accumulating human capital, which starts to decrease at rate δ h . This leads to a decline in efficiency wages and, therefore, hours worked in the model. However, these declines are not observed in the data. The discrepancy could be due to the 9 Data about hours worked are missing for the following years: 1992-2000. fact that the model does not include some features of the data that prevent wages and hours from falling (e.g. unions and indivisibilities in labor time). Nevertheless, the model is able to replicate the empirical fact that, on average, hours worked are increasing in skills. This fact is documented in Kydland (1984) and it is confirmed in the PSID sample used to calibrate the model.
In the data, low types spend 31.5% of their time working, while high types allocate 34% of their time to work. The percentages produced by the model are 31% and 35%, respectively.
In order to analyze how agents' decisions are affected by business cycles, a negative one-standard deviation technology shock has been introduced in the model. Figure 5 shows the impulse response functions for the aggregate economy. The graphs represent the percent deviation of each variable from the steady state after the shock. The curves show that physical capital, investment, consumption and hours worked are pro-cyclical. Instead, time spent studying is counter-cyclical.
Individuals invest more in education to accumulate more human capital and compensate for the reduction in labor income due to the shock. This is manly due to the decrease in the opportunity cost of education. During a downturn, the decrease in the wage rate reduces the opportunity cost of education. Individuals substitute work with schooling. As a consequence, human capital accumulation increases in contrast with the decrease in physical capital accumulation. Since the shock reduces the rate of return to physical capital investments compared to the rate of return to human capital investments, agents substitute physical with human capital. This result is consistent with findings in DeJong and Ingram (2001) . Thus, the education sector acts as a buffer sector.
It allows agents to compensate for the initial reduction in labor income by increasing the human capital stock. The next section builds on these results and analyzes for the first time the behavior of agents separately by ability and age. Figure 6 shows the impulse response functions for education by age and productivity type. The top left graph shows the behavior of the average high and low type. The other graphs show the impulse response functions for three age groups: 18-24, 25-34, 35-64 years of age. Time spent studying responds more to the shock for low types than high types. This is due to the fact that, on average, high-productivity agents have already accumulated a large amount of human capital before the crisis. They are more efficient at work and they earn a higher labor income. Therefore, it is more expensive for them to reduce hours worked and forgo labor income in order to study and accumulate more human capital. Further, the marginal product of human capital is relatively low for high types. They benefit less by substituting physical capital with human capital. However, there is no significant difference between ability types when individuals are in the age group 35-64. This is due to the fact that the payoff to acquiring additional human capital for this age group is small for both types. Table 3 shows the average business cycle statistics computed from 500 simulations 10 of four versions of the model, along with annual business cycle statistics from US data. The data about labor supply are from CPS, March Supplement (1962 Supplement ( -2012 . Hours worked are obtained using the answer to the question "How many hours did you actually work last week?" 11 . Data for output, consumption and investment are from US Bureau of Economic Analysis . Output is measured by real GDP, consumption by personal consumption expenditures, and investment by gross private domestic investment. Both the actual and the simulated series are transformed by taking natural logarithms and de-trended using the Hodrick-Prescott filter. Following Ravn and Uhlig (2002) , the smoothing parameter is set to 6.25. Since ATUS is only available from 2003 until 2013, we are not able to produce reliable business cycle statistics for the time spent studying, E. However, the ability of the model to match the empirical evidence regarding the education sector is analyzed in Section 5.
Differences by ability type and age

Implications for hours worked volatility
To better understand how human capital accumulation and heterogeneity in learning ability affect business cycle properties, and in particular time allocation, the version of the model outlined in 10 Each simulation consists of 100 periods. 11 To compute business cycle statistics about labor supply, CPS is preferred to PSID because it has significantly more observations and it is available for a longer period of time. Further, it has information about "actual" hours worked as opposed to "usual" hours worked. The former is preferred because usual hours worked mainly reflect the number of hours reported in the work contract (which could be different than the actual hours) and, therefore, tend to be less volatile than actual hours worked. Section 2 will be compared to several simplified versions of the life-cycle RBC model. Model1 is the model presented in Section 2. This is our main specification in which agents are heterogeneous in age and productivity in learning. In the second version of the model, Model2, agents are heterogeneous in age only. Thus, individuals of a given age are equally productive in learning. This is the specification that most resembles the model by Hansen andİmrohoroglu (2009). However, while they look at learning-by-doing and on-the-job training, we focus on formal education.
Model3 is a life-cycle RBC model with exogenous human capital. In this case, agents are heterogeneous by age and productivity at work. However, there is no education sector. Therefore, differences in productivity at work (i.e. differences in the human capital stock) are exogenously given and determined by the calibrated human capital life-cycle profile from In summary, Model1 and Model3 include both heterogeneity by age and productivity at work 12 .
However, in Model1 differences in productivity at work are endogenously determined; while in Model3 they are exogenously given. Further, Model2 and Model4 include heterogeneity by age with and without human capital accumulation, respectively.
All parameters in the alternative specifications have been re-calibrated following the procedure discussed in Section 2.2, except for the relative risk aversion parameter η. This parameter is set to match US output volatility in Model1. Since the purpose of this section is to analyze how different versions of the model are able to match business cycle facts, the comparison is possible only if we consider the same value of relative risk aversion 13 . Table 4 reports the calibrated values for the alternative versions of the model.
As shown by Table 3 , the volatility of hours worked is underestimated by all models. However, the models with heterogeneity in productivity at school or at work (i.e. Model1 and Model3) can explain a higher percentage of the volatility empirically estimated. The performance of the model 12 Model1 includes heterogeneity by learning productivity, which determines differences in the human capital stock accumulated by agents. This, in turn, generates differences in the productivity at work. 13 We also experimented with calibrating the parameter to match US output volatility in each version of the model. However, the predictions of the models are qualitatively the same. with one ability type (i.e. Model2) is very similar to the performance of the model by Hansen anḋ Imrohoroglu (2009) and the model without human capital (i.e. Model4). Introducing heterogeneity within ages generates differences among agents in terms of the cost of reducing hours worked.
Reducing hours worked is cheaper for agents with a lower human capital stock because they give up a lower labor income. Therefore, when the shock hits the economy, these agents reduce hours worked more and their volatility increases. In fact, Model1 and Model3 are consistent with the data in predicting a higher volatility for low types compared to high types. This empirical regularity is also documented in Ríos-Rull (1993) . Since low types have accumulated a lower human capital stock in the steady state, it is less expensive for them to reduce hours worked and give up labor income. Their volatility of hours worked is higher compared to high types. At the aggregate level, hours worked volatility increases when we model this type of heterogeneity. Instead, with one ability type (i.e. Model2) the productivity profile is more similar to the profile of high types. Aggregate volatility is lower and remains close to that of high types from Model1. This result suggests that heterogeneity by age is not enough in order to increase the ability of the model to match hours worked volatility. It is important to include heterogeneity by productivity as well.
The presence of low types increases aggregate volatility of hours worked. Maliar and Maliar (2001) showed that hours worked become more volatile by incorporating heterogeneity in physical capital and skills 14 into an otherwise standard RBC model. Our findings confirm their result in a finite-horizon setting 15 . However, contrary to their results, our model is able to replicate the empirical fact that hours worked are increasing in skills even for low values of the intertemporal elasticity of substitution for consumption. Moreover, since skill differences are endogenous in our model, we are able to provide an explanation for why we observe this type of heterogeneity. Specifically, high-skilled agents are those individuals who have high productivity in learning and spend more time studying. Finally, by introducing schooling in the model, we can also quantify the impact of education on hours worked volatility. We investigate this aspect in 14 Skills refer to efficiency at work, which is set exogenously. In our model, instead, efficiency at work is determined by the human capital stock accumulated by the individual through education. In this case, skills are determined endogenously. 15 In our framework, heterogeneity in skills is implied by the heterogeneity in productivity because highproductivity individuals accumulate more human capital compared to low-productivity agents. the next section.
The role of schooling
By comparing Model1 and Model3 we are able to answer another important question: can schooling increase volatility? Since schooling provides an alternative to work, introducing the education sector in the model could increase hours worked volatility. This is certainly true in an RBC model with identical agents (e.g. DeJong and Ingram, 2001; Einarsson and Marquis, 1998) . With heterogeneity, instead, the benefits from education differ among agents. As a result, hours worked volatility may not increase at the aggregate level. Table 3 shows that, by introducing schooling in the model, the volatility increases for low types while it decreases for high types. Overall, Model1 produces a lower aggregate volatility compared to Model3. Since low types are more likely to use the education sector as alternative to work, their volatility increases. Instead, the volatility decreases for high types for two reasons. First, high types are less likely to substitute work with schooling compared to low types. Second, high types have a stronger incentive to substitute work with leisure in Model3 when education is absent from the model. When schooling is not an option, high types borrow less capital since they do not need to finance education. Their savings are higher later in life. Thus, when the shock hits the economy, they reduce hours worked more to increase leisure time. In other words, leisure becomes a better alternative to work when education is absent. For these two reasons, aggregate hours worked volatility of high types is lower in Model1 compared to Model3.
These results suggest that hours worked volatility is mainly affected by differences in the human capital stock. Having education in the model increases volatility for certain groups, but it decreases the volatility for other groups. Overall, the impact is negative. This result is in contrast with previous findings on the impact of schooling on hours worked volatility within representativeagent RBC models. In these models, the introduction of education can increase the volatility of hours worked (see Einarsson and Marquis 1998, for example) . Within a life-cycle framework this result no longer holds because some agents are less likely to substitute work with schooling (e.g. high types). Nevertheless, Model1 remains our preferred specification because it is able to explain why we observe differences in productivity at work among individuals.
The volatility profile
Finally, the introduction of human capital into the baseline RBC model also has some implications regarding the volatility profile. Figure 7 shows the volatility of hours worked (relative to output volatility) by age group. Consistently with the data, the profiles generated by Model1 through Model3 are U-shaped: labor supply is more volatile for young and old agents compared to middle-age agents. Instead, the life-cycle RBC model without human capital, Model4, predicts an increasing volatility profile. The introduction of human capital increases the volatility for young agents who are more willing to reduce hours worked because they earn a lower labor income, are more productive in learning and benefit more from education. As a result, the volatility profile assumes a "U" shape. This result is independent of the type of heterogeneity considered.
All models with human capital show a U-shaped profile. This is consistent with Hansen andİm-rohoroglu (2009), who find that the volatility profile is increasing when human capital is constant across agents, while it assumes a "U" shape when human capital differences among agents are introduced in the model. However, the model with heterogeneity within ages produces the closest profile to the data.
Sensitivity analysis
Common φ value
In order to test the robustness of the findings to the schooling parameter φ, we have solved the model when φ is the same for both ability types. Table 4 reports the calibrated parameters for this alternative specification. All parameters are re-calibrated following the procedure described in Section 2.2 with the exception of η and φ. η is kept constant, while φ is set to match the average time spent studying for the aggregate economy. This statistic is obtained from ATUS (2003 ATUS ( -2012 and it is equal to 0.008. Figure 8 shows the impulse response functions for the main variables of interest, while the second column of Table 5 reports the business cycle statistics. The results are qualitatively the same as in Model1. The main findings of the model are driven by the productivity in learning, Ω, rather than the exponent φ. Quantitatively, the model with a common φ value generates a higher volatility of hours worked. Compared to Model1, when φ high = φ low , young high-types study less in the steady state and more during economic contractions 16 . The volatility of education rises, which leads to the increase in σ N high . However, the reduction of study hours in the steady state that is predicted by the model is not consistent with the data, as shown in Fig- ure 9. The model is not able to match the life-cycle profile of education even for low values of δ h .
Therefore, Model1 remains our preferred specification. Note that this is a conservative choice.
Endogenous retirement
This section presents the results of the model when the retirement decision is endogenous. In this case, agents are free to choose when to retire from work. The purpose is to understand how sensitive the results are to mandatory retirement. All parameters are re-calibrated following the procedure described in Section 2.2, except for η, and are reported in Table 4 . The business cycle statistics are reported in the third column of Table 5 . Figure 10 shows the impulse response functions for education.
Exogenous retirement has no impact on the qualitative predictions of the model. Quantitatively, the volatility of hours worked is higher compared to Model1 for two reasons. By extending the working period, agents benefit from education for a longer period of time, which increases the incentive to substitute work with schooling. Further, the volatility of hours worked of older agents is higher. Thus, aggregate volatility increases as we include older agents. However, with endogenous retirement, the fraction of retired people to active population generated by the model is too high compared to the data. For this reason, in our preferred specification, retirement is mandatory. This allows us to correctly match the number of retired people relative to workers. It is also worth mentioning that the average labor force participation rate for individuals aged 65 and over is 14% for the period 1962-2012
The fraction of high types
In this section we consider two alternative values for ξ. In the baseline model ξ = 0.58, which is the fraction of high-school graduates who enrolled in college during the period 1962-2012. Alternatively, one could calibrate this parameter to match some other targets. For example, we could use scores from cognitive tests, such as the Armed Forces Qualification Test (AFQT). By using data from the National Longitudinal Survey of Youth 1979 (NLSY79), we reset ξ to 0.42 to match the fraction of individuals with an AFQT score above the mean score in the year 1980, when the test was administered 18 . Alternatively, using U.S. Census Bureau data, ξ could be set to 0.225 to match the fraction of Americans with a college degree calculated over the period 1962-2012. In both cases, ξ = 0.42 and ξ = 0.225, the remaining parameters of the model are re-calibrated following the procedure described in Section 2.2, except for η.
The business cycle statistics are reported in the last two columns of Table 5 . Figure 11 shows the impulse response functions for education. The model's predictions are robust to ξ. Compared to Model1, the volatility of hours worked is slightly higher under the alternative specifications.
Since the volatility is lower for high types, it is not surprising that aggregate volatility increases as the fraction of high types decreases. However, the change is very small. Nevertheless, our preferred specification remains the version with ξ = 0.58. Since we observe differences in the time spent studying between who enroll in college and who does not, setting ξ to match the fraction of high-school graduates enrolling in college seems a more sensible and less arbitrary choice.
17 Source: Bureau of Labor Statistics. 18 In order to use AFQT scores to calibrate ξ, one needs to arbitrarily choose the cut off point that distinguishes between high and low types. We are not aware of evidence in the literature suggesting an appropriate cut off point and, therefore, we chose the mean value.
Empirical Analysis
Cyclicality of time spent studying
This section analyzes the cyclicality of education using American data from ATUS (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) .
The cross-sectional sample consists of 114,288 individuals who are asked to report their time allocation among several activities during a reference day. We are particularly interested in the impact of macroeconomic conditions on the time that individuals spend studying. Our goal is to test the predictions of the model regarding education.
Specifically, we estimate the time spent studying as follows:
using OLS, where e it is the time spent studying during the reference day for individual i in year t 19 , Z is a proxy for business-cycle fluctuations and X is the vector of control variables. To be consistent with the theoretical model discussed in Section 2, we use GDP as measure of macroeconomic conditions 20 . The estimated coefficients are reported in Table 6 together with the standard errors. Since we express the model in log terms, the coefficient of ln(GDP) represents the elasticity of time spent studying with respect to output.
As shown in the table, time spent studying is counter-cyclical. Depending on the model specification, the elasticity of time spent studying with respect to output is between -0.20 and -2.5.
The baseline model in Section 2 predicts an elasticity of -0.27. This elasticity is higher for young agents: it is -1.81 for young low types and -0.42 for young high types. Thus, the model is able to correctly predict the sign of the elasticity, but it tends to underestimate the magnitude. This result could depend on the fact that ATUS covers a short period of time and this period is known to be highly volatile because of the recent recession.
Further, ATUS does not allow to test one of the main predictions of the model: low types are more responsive than high types to macroeconomic conditions. The information on ability contained in the survey is very limited. Therefore, the next section of the paper investigates the cyclicality of education by looking at PSE enrollment from CPS. On one hand, this dataset has several advantages over ATUS. It is available for a longer period of time and it allows to distinguish between ability types. On the other hand, CPS does not include information on the time spent studying, making the quantitative comparison between the model and the data difficult. Nevertheless, since there is a correspondence between the time devoted to education and enrollment decisions, analyzing enrollment is still useful to test the qualitative predictions of the model. If economic contractions encourage PSE enrollment, the time that individuals spend studying will necessarily increase.
Cyclicality of post-secondary enrollment
This section analyzes the cyclicality of education using data from CPS March Supplement (1986-2012) 21 . The cross-sectional sample consists of 118,618 high-school graduates of age 16 to 24.
As largely documented in the literature, schooling decisions are affected by demographics, geography, family resources, parental education and tuition. Given this set of characteristics, we estimate the probability of being enrolled in college using a probit regression:
where enrolled it is a dummy variable equal one if individual i is enrolled at time t and zero other- Kane 1994; Edwards 1976; Betts and McFarland 1995; Méndez and Sepúlveda 2012) . In the literature, the most common proxy for business cycles is unemployment. In this pa-per, we mainly use GDP to be consistent with the theoretical model discussed in Section 2. However, the results are robust to different measures of business-cycle fluctuations, as discussed later in this section. The vector X includes control variables that affect enrollment rates as documented in the literature.
The average marginal effects from the probit estimation are reported in Table 7 . Robust standard errors, corrected for clustering and stratification, are in parentheses 23 . The main variable of interest is ln(GDP), which has a negative marginal effect. A one-percent increase in GDP above trend decreases the probability of being enrolled in PSE by 1.37 percentage points. This implies that enrollment rates are counter-cyclical, which is consistent with the theoretical results.
Other measures of macroeconomic conditions provide the same conclusion. In all cases, enrollment in PSE is counter-cyclical. The variables that are negatively correlated with GDP have a positive marginal effect on the likelihood of being enrolled, while the variables that are positively correlated with GDP have a negative impact.
The cyclicality of enrollment by ability type
The sample has also been divided into two groups in order to distinguish between high and low types. Parental education is used as proxy for ability 24 . This is common in the economics of education literature and reflects the fact that ability is both inherited and created. Besides genetics, ability greatly depends on early human capital investments made by parents on behalf of their children, family income and the parental environment. For a review of the empirical and theoretical studies on this topic, see Cunha et al. (2006) and Carneiro and Heckman (2003) . For these reasons, parental education is a strong predictor of an individual's educational achievement and it is often used as proxy for ability. In particular, high types have been arbitrarily defined as those individuals whose parents studied at least one year at any post-secondary institution. Low types have been defined as those individuals whose parents have at most a high-school diploma. Independently of the business-cycle measure, the impact is greater for low types compared to high types as shown in Table 7 . A one-percent increase in GDP above trend decreases the probability of being enrolled by 0.66 percentage points for high types and by 1.94 percentage points for low types. This is consistent with the predictions of the theoretical model: the response to macroeconomic conditions is stronger for low-productivity individuals.
In Table 9 we check the robustness of the results by changing the criterion used to define high and low types. The first column reports the results using the original classification. In the second column, instead, high types are defined as those individuals whose parents have obtained at least a Bachelor's degree. Finally, in the third column, high types are defined as those individuals whose parents have at least completed grade 12. Results suggest that the effect of GDP on enrollment decisions is always stronger for low types. Further, the magnitude of the effect depends on the classification of high and low types in a way that is consistent with the theoretical predictions from the model.
Conclusions
This paper shows that during an economic crisis the education sector helps the economy to react to the shock. The decrease in wages reduces the opportunity cost of education, while the decrease in the rental rate of physical capital decreases its marginal product. Therefore, agents invest more in human capital because it is cheaper (therefore more efficient) to do so. Education is less expensive and human capital is more attractive than physical capital. This is especially true for young and low-productivity agents. Since both are less productive at work, they are more likely to substitute work with schooling. These results are empirically confirmed using US data: a onepercent increase in GDP above trend decreases the probability of being enrolled by 1.37 percentage points. The marginal effect is higher for low types compared to high types.
Regarding hours worked volatility, we showed that human capital accumulation is necessary to produce a U-shaped volatility profile. Further, models with heterogeneity by productivity within ages can produce a higher volatility and a better volatility profile. In this case, the presence of low types is particularly important because they reduce hours worked more compared to high types. As a result, aggregate volatility is higher. Finally, introducing schooling in the model reduces the volatility of hours worked. This is in contrast with previous papers in the RBC literature (e.g. Einarsson and Marquis 1998 and DeJong and Ingram 2001) . Since education is an alternative to work, introducing schooling increases the volatility in a baseline RBC model. This result no longer holds in a life-cycle setting because the benefit of education differs among agents. As a result, not everyone in the economy considers education as a valid alternative to work. The remaining parameters are the same as in Table 1 . 
Control variables
Robust standard errors are reported in brackets. *** p<0.01, ** p<0.05, * p<0.1. The whole sample consists of 118,618 observations, the sample of high types consists of 49,668 observations, the sample of low types consists of 68,950 observations. Control variables include age, age 2 , gender, marital status, state dummies, ethnicity, family income, family size, house ownership, dummy indicating whether the head of the household is employed, dummy indicating whether the respondent lives in a metropolitan area, Pell grant received, aggregate mean weekly earnings, aggregate tuition, nominal interest rate, inflation rate, mother's education and father's education. The full set of results for the first column is reported in Table A2 in the Appendix. Robust standard errors are reported in brackets. *** p<0.01, ** p<0.05, * p<0.1. The whole sample consists of 118,618 observations, the sample of high types consists of 49,668 observations, the sample of low types consists of 68,950 observations. Each regression includes the same control variables listed in Table 7 with one exception. The sixth regression does not include aggregate tuition, aggregate mean weekly earnings, nominal interest rate and inflation rate. Table 7 . Similar results are obtained if using different business-cycle proxies. ln ( Robust standard errors are reported in brackets. The regression also includes ethnicity dummies and state dummies. There are no estimates for parental education in the high types group because the corresponding dummy variables are equal zero for this group. Average Weakly Earnings refers to earnings in non-agricultural sectors in 1985 constant dollars. Family income, tuition and Pell Grants are in 1985 constant dollars as well. The full set of results is reported in Table A2 . 1. DSW: divorced/separated/widowed. *** p<0.01, ** p<0.05, * p<0.1
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